Diffuse reflectance Fourier transformed mid-infrared (DRIFT-MIR) spectroscopy can predict many soil properties but extractable nutrients are often predicted poorly. This paper tested the combined DRIFT-MIR and total X-ray fluorescence (TXRF) spectroscopy analysis for prediction of soil properties related to soil fertility. A total of 700 soil samples from 44 stratified randomly located 100-km 2 sentinel sites distributed across Sub-Saharan Africa (SSA) were analyzed for physicochemical composition using conventional reference methods, and compared with MIR and TXRF spectra using Random Forests (RF) regression algorithm and an internal out-of-bag (OOB) validation. Mid-infrared spectra resulted in good prediction models (R 2 > 0.80) for organic C and total N, Mehlich-3 Ca and Al, and pH. Moderately predicted (R 2 > 0.60) were extractable Mg, P sorption index, sand, silt, and clay. Models were less satisfactory (R 2 < 0.60) for Mehlich-3 extractable K, Mn, Fe, Cu, B, Zn, P, S, and Na, exchangeable acidity and electrical conductivity (Ecd). Inclusion of total element concentration data from TXRF analysis in the MIR RF models significantly reduced root mean square error of prediction by 70% for Ecd, 66% for Mehlich-3 Na, 61% for Mehlich-3 S, and 50% for Mehlich-3 B due to detection by TXRF of some saline soils that were not well predicted by MIR. Overall, both methods predicted soil properties that relate to nutrient buffering capacity, including some exchangeable bases, pH, P sorption capacity, clay content, and organic matter content, and fingerprint basic soil mineralogy. Thus, further research should test whether MIR and TXRF fingerprinting could better predict soil nutrient supply capacity, as determined by crop nutrient uptake potential, than conventional soil P, K and micronutrient tests.
lytical laboratories in Africa that can provide reproducible results. New direct soil spectral methods using only light (X-ray, visible, and infrared [IR] ) hold promise for providing rapid, low cost, and reproducible soil characterization. The potential for IR spectroscopy as an important component of soil surveillance systems has already been articulated (Nocita et al., 2015; Shepherd and Walsh, 2007; Shepherd et al., 2015) . Infrared spectroscopy in the visible to near-infrared (400-2500 nm) and MIR (600-4000 cm -1 ) wavelength regions has been demonstrated for non-consumptive analysis of soils and simultaneous estimations of several soil physical, chemical, and biological properties such as total and organic C, total N, cation exchange capacity (CEC), extractable Ca and Mg, clay content, sand content, K, P, S and soil pH (e.g., Awiti et al., 2008; Brown et al., 2006; Du and Zhou, 2009; Minasny and McBratney, 2008; Shepherd and Walsh, 2002, 2007; TerhoevenUrselmans et al., 2010) .
However, the commonly used DRIFT-MIR spectroscopy approach has limitations in predicting some weakly extractable nutrients such as extractable P and K ( Janik et al., 1998; Reeves, 2010) , which are the main limiting nutrients in soils of SSA (Ludwig et al., 2002) . This may be due to the fact that the extracted amounts of nutrients may not correlate with soil properties that are MIR active, as well as due to their often low concentrations in soils. Infrared spectroscopy is based on the principle of transitions in the vibrational and rotational states of a molecule, and detects absorbance, for example, by organic bonds and mineral components (Minasny et al., 2009; Janik et al., 1998) . For soil samples, the absorbance of IR bands is determined by the soil's surface and solid composition, and thus chemical properties that depend on the soil matrix (such as C content and CEC), rather than those which rely on soil solution, can be predicted well (Minasny et al., 2009) . A limitation to the use of DRIFT-MIR arises from its sensitivity to the presence of spectral distortions due to specular reflection depending on the concentration of the material and particular bands (frequency) in question (Soriano-Disla et al., 2014; Reeves, 2010) . While modern chemometrics appear to be largely able to overcome this problem, the distortions do exist and care should be taken especially when comparing spectra to library spectra obtained using different methods (Reeves, 2010) . The use of different particle sizes may result in variable accuracy of infrared predictions for similar soil properties (Soriano-Disla et al., 2014) . In addition, calibrations may have to be adjusted for different soil types due to mineral interferences with particular spectral areas of interest (Kamau-Rewe et al., 2011; Shepherd, 2010) . A further current challenge is to build calibration libraries that are large enough to sufficiently capture the large variation in global soil mineral and organic composition (Brown et al., 2006) .
There may be potential for improving the use of DRIFT-MIR by coupling it with X-ray fluorescence (XRF) spectroscopy, which determines total element concentrations in soils, especially with the emergence of handheld XRF instruments. Total X-ray fluorescence spectroscopy is a relatively new technique that can provide relatively rapid and simultaneous determination of the total concentrations of many elements. Advantages of the technique compared with conventional XRF methods include minimal sample preparation and low matrix interference (Stosnach, 2005; Towett et al., 2013) . The total element concentration TXRF spectra can also be used to capture key mineralogical differences in soils (Acosta et al., 2011) associated with different soil types, and there might be possibilities to correlate extractable nutrient analysis with total element fingerprints. This is due to the fact that variations in the concentrations of elements in soils are derived from differences in the composition of the parent material and from fluxes of matter and energy into or from soil over time (Helmke, 2000; Kabata-Pendias and Mukherjee, 2007) .
Furthermore there is ample evidence from the literature (e.g., Sharpley, 1989; Surapaneni et al., 2002 ) that variation among soils in crop productivity and response to nutrients is primarily determined by soil mineral and organic composition. Soil tests based on soil extracts do not characterize all the nutrient pools that determine a soil's ability to re-supply the soil solution (buffering capacity), such as readily mineralizable organic P, sorbed P, and slowly extractable K. Total X-ray fluorescence spectroscopy provides chemical fingerprinting and "functional mineral groupings" that could relate to potential nutrient supply capacity, and MIR responds to both mineral and organic composition. Hence perhaps DRIFT-MIR and TXRF fingerprinting methods could predict plant nutrient uptake potential and crop yield responses to applied nutrients as well or better than soil tests based on soil extracts, or at least complement existing tests. As a first step toward this area of investigation, the objective of this study was to test the combined DRIFT-MIR and TXRF analysis for prediction of soil properties related to soil fertility. For a diverse range of Africa soils, TXRF element concentration data were included as predictor variables along with the first derivative of DRIFT-MIR spectral data using the RF algorithm (Breiman, 2001; Liaw and Wiener, 2002) .
MATERIAlS AND METHODS

Study Area, Soil Sampling, and Processing
Georeferenced soil samples associated with the AfSIS project were taken from a set of sentinel sites randomized over SSA (Africa Soil Information Service, 2013) . A total of 700 soil samples from 44 random 100-km 2 sentinel sites distributed across SSA stratified according to Köppen-Geiger climatic zones (Kottek et al., 2006) were used in this study: Burkina Faso (1 site, 16 samples), Cameroon (1 site, 16 samples), Ethiopia (4 sites, 64 samples), Ghana (3 sites, 48 samples), Guinea (2 sites, 32 samples), Kenya (3 sites, 48 samples), Malawi (2 sites, 32 samples), Mali (3 sites, 48 samples), Mozambique (6 sites, 96 samples), Nigeria (3 sites, 47 samples), South Africa (3 sites, 47 samples), Tanzania (8 sites, 127 samples), Uganda (2 sites, 32 samples), and Zambia (3 sites, 47 samples). Field sampling was conducted based on the Land Degradation Surveillance Framework (LDSF) protocol . The protocol is built around the use of "Sentinel sites" of 10 × 10 km in size. The basic sampling unit used in the LDSF is called a Cluster. Each Sentinel site was stratified into sixteen 1-km 2 clusters containing 10 randomized plots of 1000 m 2 each. Soil samples were collected from four 100-m 2 "subplots" located within the ten 1000-m 2 plots at 0-to 20-cm depth and combined into one composite sample per plot, giving a total of 160 soil samples collected per "Sentinel Site". We selected 10% of soil samples from each sentinel site for reference and spectral analyses based on one plot taken at random from each cluster, giving 16 samples per sentinel site, and a total of 700 samples. For a few analytes, sample numbers were less due to insufficient remaining sample. Soil samples were initially air-dried and passed through a 2-mm sieve before sub sampling to 10 g by coning and quartering. Coning and quartering is a method used to reduce the sample size of a processed sample without creating a systematic bias. The technique involved pouring the soil sample on to a surface so that it took on a conical shape, and then flattening it out. The flattened cone was then divided into quarters; the two quarters situated opposite one another were discarded, while the other two were combined and constituted the reduced sample. The same process was continued until an appropriate sample size of 10 g remained. The 10-g subsamples were ovendried at 40°C and then ground to pass a 75-µm sieve using a Retsch RM 200 mill (Retsch, Düsseldorf, Germany) for MIR analysis and further ground using a McCrone micronizing mill (McCrone, Westmont, IL) to <50 mm for TXRF analysis.
Spectral Analyses Method
Samples were analyzed at the World Agroforestry Centre (ICRAF) Soil-Plant Spectral Diagnostics Laboratory in Nairobi, Kenya, using a high-throughput Bruker Tensor 27 FourierTransform MIR spectrometer attached to a High-Throughput Screening (HTS-XT) accessory with a robotic arm [Twister Microplate Handler] (Bruker Optik GmbH, Germany; illustrated in Shepherd and Walsh, 2007) . The MIR detector was a liquid N 2 -cooled HgCdTe detector. Soil MIR diffuse reflectance spectra were recorded for all samples with a resolution of 4 cm -1 and zero filling of 2, resulting in 1763 data points at a waveband spacing of about 2 cm -1 in the range of 600 to 4000 cm -1 . A special feature of the instrument optics is that specular reflectance, which can distort the shape of MIR spectra strongly (Reeves, 2010) , was shielded making it the optical setup that combines a high-throughput measurement (1000 samples per day) with some reduction of specular reflectance.
Air-dried, finely ground soil samples (approx. <100 mm; 20 to 30 mg) were loaded into Al microtiter plates (A752-96, Bruker Optics, Karlsruhe, Germany) using a microspatula to fill the 6-mm-diam. wells. Background measurements of the first empty well were taken before each single measurement to account for changes in temperature and air humidity. Aluminum was suitable as a reference material because it did not absorb infrared light. The bottoms of the Al wells are roughened to reduce specular reflectance. Soil samples were loaded into four replicate wells, each scanned 32 times, and the four spectra averaged to account for within-sample variability and differences in particle size and packing density, as described by Terhoeven-Urselmans et al. (2010) .
The TXRF methodology was used to analyze total elemental concentrations in each soil sample using a S2 PICOFOX TXRF spectrometer (Bruker AXS Microanalysis GmbH, Germany). Based on a recently developed and tested method (Towett et al., 2013) , 50 mg of the finely ground (20-50 mm) sample was mixed with 2.5 mL of Triton X100 (Fischer Scientific, UK) solution (0.1 vol.%) to form a soil suspension and spiked with 40 mL of 1000 mg L -1 Selenium (Fluka Analytical, Germany) as the internal standard. The suspension was placed into an ultrasonic water bath at room temperature and sonicated in a continuous mode for 15 min, and then mixed well using a digital shaker. Ten microliters of the turbid soil solution were immediately dispensed on to a clean siliconized quartz glass sample carrier and dried for 10 to 15 min at 52°C on a hot plate (Staurt SD300, Barloworld Scientific Ltd., Staffordshire, UK) in a clean laminar flow hood.
Reference Soil Analysis
Organic C and total N analyses were determined based on the flash dynamic combustion method using the Flash EA 1112 Elemental Analyzer (Thermo Scientific, Milan, Italy) at the ICRAF Soil-Plant Spectral Diagnostic Laboratory. Additionally, conventional Mehlich-3 soil extractions (Mehlich, 1984) were analyzed for extractable P, K, Ca, Mg, Na, Mn, Fe, Cu, Zn, B, S, and Al using inductively coupled plasma-optical emission spectrometry (ICP-OES). Conventional pH measurements were done using a standard method utilizing a soil/water ratio of 1:2 weight/volume basis. Exchangeable acidity was determined on 1M KCl extracts of soils using a 1:10 soil/extractant volume ratio, and titration with a standardized base (sodium hydroxide; Anderson and Ingram, 1993) . Phosphorus sorption index (PSI) was determined, based closely on the method by Bache and Williams (1971) , by weighing 1.5 g soil into a 50-mL extraction bottle, adding 30 mL of diluted phosphate solution (75 mg P L -1 in 0.03M KCl), then two drops of toluene was added to prevent microbial growth. The solution was shaken briefly with a vortex mixer to disperse the soil then the bottles were put on a shaker in a room maintained at 25°C for 20 h (overnight) and later centrifuged for 10 min at relative centrifugal force (rcf ) = 1500 g to make a clear supernatant. The supernatant was filtered through medium-fast paper (Whatman No. 1) and if the filtered supernatant was cloudy then it was refiltered with a slow paper (e.g., Whatman No. 2) and P was measured in the filtered supernatant. All wet chemical analyses were done by Crop Nutrition Laboratory Services in Nairobi (ISO 17025 accredited).
Samples were analyzed for their particle sizes using a detectable size range of 0.01 to 3000 mm utilizing a Horiba (Model: LA-950V2; Horiba Ltd., Kyoto, Japan) Laser Diffraction Particle Size Analyzer (LDPSA) at the ICRAF Laboratory. The LDPSA instrument allowed continuous flow of a soil sample suspended in a water stream, to which different sonification cycles were applied using an in-built ultrasonic probe with a final full dispersion and sonification (130 W, 20 kHz).
Chemometric Analyses
Quantitative analyses based on predictor variables, that is, MIR spectra and TXRF data required the development of calibrated regression models using the RF (Breiman, 2001 ) algorithm that related the first derivative of the spectral information to the reference analysis data using the entire spectrum. We tested many different spectral pretreatments, for example, first derivatives, multiplicative scatter correction (MSC) and found the first derivative to be optimal on average for the present data set. For example, there was a 90% reduction in root mean square error of prediction of soil organic carbon using first derivative spectral pretreatment compared with both MSC and raw absorbance data. Similar observations have been obtained by Shepherd and Walsh (2002) and Terhoeven-Urselmans et al. (2010) for most soil variables across a wide range of tropical soils. The first-order derivative of the absorbance spectra over the range 601.7 to 4001.6 cm -1 was calculated using the Savitsky-Golay algorithm using the soil.spec package in R (R-version 2.15.3; R Development Core Team, 2013) available under the Packages link at www.cran.r-project.org/(Accessed 13 Sept. 2013; verified 24 July 2015). The Savitsky-Golay smoothing degree depended on two parameters: the frame size and the order of the polynomial used for smoothing; the frame size of the Savitzky Golay filter was set to 21 data points and the polynomial order was set to 3.
Random forests attempts to improve prediction accuracy by growing an ensemble of classification and regression tree (CART) models (ntree). Samples are randomly selected with replacement from the calibration set to create different trees (bootstrap sampling), and for each tree in the bootstrapped set a modified unpruned CART algorithm is used for splitting at each node by testing the performance of randomly selected variables. Each tree is left to grow until it reaches a predetermined minimum number of nodes. Parallel to the calibration step, RF performs an internal cross-validation by dividing the calibration set into in-bag and OOB sets (2/3 as in-bag set and the remaining as OOB). The RF algorithm is also reported to be relatively resistant to over-fitting compared with the standard algorithm partial least squares regression (PLSR) and usually performs well in problems with a low sample/features ratio, such as spectrometric data (Wei et al., 2012; Ghasemi and Tavakoli, 2013) . Compared with PLSR, RF also handles complex data types well and obviates the need for transformation of predictors to approximate normal distributions, which were advantages for this study. In addition, RF is user-friendly in the sense that it has only two parameters (the number of variables in the random subset at each node and the number of trees in the forest (ntree)), and is usually not very sensitive to their values. The 'randomForest' library in R (Liaw and Wiener 2002) was used to perform the regression computations and the results were evaluated using OOB validation. The OOB errors were found to be only 10% lower than for a 50% random hold-out sample and were thus taken as a reasonable estimate of validation error. Random Forests calibration models with an internal OOB validation were then developed using the entire data set of 700 samples. The number of predictors to be used in each tree-building process (mtry = 50) and the number of trees to be built in the forest (ntree = 200) were optimized since the results indicated that the performance of RF was relatively insensitive to a large number of ntree. We assessed variable importance for each predictor variable by calculating the total decrease in node impurities from splitting on the variable, averaged over all trees.
Additionally, we compared the performance of the RF algorithm against the PLSR as a standard algorithm on the same data set but using a hold-out validation on the simultaneous determination of soil properties using MIR spectroscopy. Selection of calibration (70%) and validation (30%) samples for the PLSR was done following a procedure adapted from Kennard and Stone (1969; K-S) applied to the score values of the first eight principal components of the first-derivative MIR spectra. Although the K-S algorithm does not ensure a truly independent validation set since each sample is assessed against the scores of all the samples, is nevertheless useful in selecting a useful representative validation set. For our analysis, comparing the independent hold-out validation and the OOB validation and using each validation method to estimate model errors (root mean square errors) for all variables, the RF out-performed the PLSR algorithm on simultaneous prediction of soil properties on the same sample set (see Prediction of Soil Properties by Mid-Infrared Spectra section below).
Random Forests models were also built to predict the reference properties from the TXRF total element composition using the raw total element concentration data as 'spectra' . Finally, we used the TXRF 'spectra' in conjunction with first derivative MIR spectra to predict the reference soil properties. There were a total of 37 TXRF predictor variables used. We also tested an approach whereby we used RF to calibrate the residuals of the predictions from the MIR spectral data for individual reference properties to the TXRF total element data, as combining different data types in the predictor variables might affect the variable importance weights in the fitted models. In this procedure, the residual values from the MIR predictions were treated as the target variable and the TXRF element data as the predictors.
Previous studies have suggested that models with R 2 > 0.8 provide acceptable or high accuracy levels for the prediction of soil properties whereas models with R 2 < 0.8 but > 0.6 provide only medium level predictions (e.g., Chang et al., 2001; Malley et al., 2004; Nduwamungu et al., 2009 ). In the present study, we adopted this classification into different R 2 classes and advise that the evaluation of the usefulness of a predictive model should be determined by the amount of uncertainty reduction it provides for a given purpose. We performed other quality tests as well, for example, visual checks of the data structure which revealed normally distributed residuals and by visual analysis of prediction plots for any over-or underpredictions.
RESulTS AND DISCuSSION
Statistical Description of Data
A wide variation was found in individual soil physicochemical properties analyzed using conventional chemistry methods and particle-size analysis using laser diffraction (Table 1) . For example, soil pH in H 2 O ranged from 4 to 10 and exchangeable acidity (unbuffered KCl extraction) varied from 0.01 to 4 cmol c kg -1 . It is unlikely that the samples with high pH (values > 9) were sodic because these were characterized by relatively low concentration of Mehlich-3 Na in the range of 1.7 to 3.5 cmolc kg -1 for the same samples. However, disproportionately high Mehlich-3 Na contents (66-138 cmol c kg -1 ) were found in samples from one site but their pH values ranged from 5.2 to 3.6. Similarly, exchangeable bases varied considerably from 1 to 180 cmol c kg -1 . Soils had organic C and total N contents ranging from 0.1 to 10% and from 0.001 to 1%, respectively. Clay contents ranged from 2 to 95%, sand contents from 2 to 100% and silt content from 1 to 60% for water dispersed particles after 4 min of ultrasonification.
There was also a wide variation in the total element concentrations measured using TXRF in the samples used in this study (Table 2) . This large variation was attributable to differences in mineral composition due to differences in parent materials between and within sites and to local pedologic, hydrological, and management factors within sites.
As expected, there was a wide variation in MIR raw spectral data used in this study, ranging from 0.5 to 2.5 in absorbance values. Mid-infrared spectra of soils for upper and lower quartiles for several variables demonstrate the differences in spectral signatures (Fig. 1a-1d ). Clay and pH showed large differences in the fingerprint region (600-1500 cm -1 ) where primary minerals show features, caused for example by O-Si-O stretching and bending important in characterizing quartz, and in the X-H stretching region (2500-4000 cm -1 ) corresponding to differences in clay mineralogy (Janik et al., 1995; Nguyen et al., 1991; McDowell et al., 2012; Viscarra Rossel et al., 2006) . Phosphorus sorption index effects were mostly confined to the X-H stretching region, in response to presence of 1:1 clay minerals and Al and Fe oxyhydroxides. Mineral composition has a major influence on the principal spectral features of soils, rendering the direct identification and interpretation of individual spectral bands related to organics difficult (Peltre et al., 2014) unless samples of the same soil are compared (Demyan et al., 2012) . It is also generally challenging to interpret individual features in soil spectra due to the overlapping of multiple mineral and organic features (Reeves, 2010) . The low organic matter spectrum is almost entirely associated with quartz and some kaolinite. Carbonate peaks feature so strongly in the upper quartile for organic C and this is due to the fact that carbonates will protect organic matter from decomposition due to increased aggregation. Gibbsite (peaks near 3500 cm -1 in the MIR) is part of the kaolinite clay group and thus should correlate with high quartile clay content. Figure 2 shows the TXRF spectra measured with the S2 PICOFOX spectrometer for the same soils presented in Fig. 1 with high (10%) and low (0.1%) organic C demonstrating the differences in spectral background, peaks and the abundance of each line determined for all elements.
Prediction of Soil Properties by Mid-Infrared Spectra
Mid-infrared spectra yielded good prediction models (R 2 > 0.80) using RF-OOB validation for organic C and total N, Mehlich-3 Ca and Al, and pH (Table 3 ). Figure 3 shows observed 3 1 1 2 6 † pH = 1:2 volume water extract; Exch. acidity = Exchangeable acidity using unbuffered KCl extraction; Exch. bases = Exchangeable bases (sum of Mehlich exch Ca, Mg, K, Na); Silt, Sand, Clay = silt, sand and clay contents (<8 microns) for water dispersed particles after 4 min of ultrasonification; Std dev = standard deviation; Min = minimum; Max = maximum.
versus fitted values for organic C as an example. The validation samples lying far from the 1:1 line indicate soil types for which adding more samples to the calibration library might improve prediction. Moderately predicted (R 2 ³ 0.60) were Mehlich-3 bases, Mehlich-3 Mg, P sorption index (PSI), and sand, silt and clay contents (Table 3 ). Calibration models were less satisfactory (R 2 < 0.60) for Mehlich-3 extractable K, Mn, Fe, Cu, B, Zn, P, S, and Na, and exchangeable acidity and Ecd (Table 3 ). The poor results for MIR prediction of extractable P (R 2 = 0.10) and K (R 2 = 0.51) were in agreement with the findings of other researchers, for example, Janik et al. (1998) , Shepherd and Walsh (2002) , Ludwig et al. (2002), and Soriano-Disla et al. (2014) .
The R 2 results of RF-OOB validation were mostly superior to those obtained using a 30% holdout validation using PLSR on the same data subset. For example, MIR spectra showed good prediction models (R 2 ³ 0.80) using PLSR holdout validation for organic C and total N, and Mehlich-3 extractable Al and Ca. The exception was with the prediction of the soil fertility properties Mehlich-3 extractable Al, K, P, Mn, and Cu and silt content where PLSR R 2 were slightly greater than those for the RF-OOB. However, the RMSE for the same soil fertility properties predicted using MIR spectra were lower in RF-OOB than their PLSR holdout counterparts indicating that RF procedure had improved ability to deal with highly nonlinear data distributions.
Prediction of Soil Properties by Total X-Ray Fluorescence and how Total X-Ray Fluorescence Correlates with Mid-Infrared
The OOB validation showed that the TXRF raw data matrix was also able to partly predict the wet chemistry reference data for a number of properties, and in some cases predictions were better than those obtained for MIR spectra, for example Mehlich-3 Na, Mn, B, Cu, Zn, P and S, and Ecd (Table 3 , Fig. 4 ). As expected TXRF data was poorer (R 2 £ 0.72) in predicting organic C, total N compared with MIR data (R 2 > 0.85) as these elements are not directly determined with TXRF. However the variance explained is still quite high and may be attributable to TXRF signatures relating to mineralogy correlated with soil organic matter. In general, several calibration models exhibited good or excellent predictive ability according to the R 2 and RMSE values. For example, the best overall model for the TXRF data was that for Mehlich-3 Al, which had excellent prediction capability explaining 81% of the observed variation in extractable Al content. The models for soil organic C, total N, pH, exchangeable bases, PSI, sand, Mehlich-3 extractable Ca, Mg, Mn, B, Cu, Na, and S exhibited R 2 values > 0.60 and thus had moderate predictive accuracy. The models for Mehlich-3 Zn, Fe, K, and P, exchangeable acidity and silt content were less satisfactory (R 2 < 0.60). Thus, the results suggest that TXRF total element concentrations may be a useful predictor of several conventionally measured soil properties to a medium level of accuracy, but possibly not for some plant nutrient relevant elements like extractable K and Fe that are better predicted with MIR spectroscopy.
Prediction of Soil Properties using Combined Mid-Infrared and Total X-Ray Fluorescence
Complementarity between TXRF and MIR was limited as there were only four analytes for which prediction was strongly improved by adding TXRF data to the MIR data. Inclusion of total element concentration data from TXRF analysis in the MIR RF models significantly reduced the root mean square errors of prediction for Ecd (by 70%), Mehlich-3 S (61%), Mehlich-3 Na (66%), Mehlich-3 B (50%), and less so for Mehlich-3 Mn (28%) and Mehlich-3 Cu (22%) ( Table 3) . We hypothesize that in some cases the prediction improvement from including TXRF was due to detection by TXRF of a few outlier samples that did not appear as spectral outliers using MIR (Fig. 5) . There was good ability of TXRF to predict the MIR residuals in for example, Mehlich-3 Na but when three 'MIR outliers' detected by TXRF were omitted in the TXRF data the advantage of adding TRXF data was lost. These 'MIR outliers' had exceptionally high total Cl concentrations (>21,500 mg kg -1 ) and Na, maybe because MIR is not sensitive to the NaCl. Those three samples were all from the same sentinel site, Ihassunge in Mozambique and it is likely that these were saline sites with Ecd values in the range of 3.1 to 4.8 dS m −1 (mean 3.9 dS m −1 ). Including more calibration samples of this type might have improved the MIR predictions for these soil samples. However, MIR models for most soil fertility properties with the exception of Mehlich-3 bases, exchangeable acidity, Mehlich-3 Mg and Na, as well as Mehlich-3 B and S, did not improve when the outliers were also omitted from the MIR spectral data indicating that these were not MIR spectral outliers. Total X-ray fluorescence may have potential for outlier detection in large data sets or even potential use as a site stratification tool, but for most analytes its added value to MIR for prediction of soil tests appears to be limited. The exception may be where individual soil elements are of interest, for example in environmental pollution studies (Towett et al., 2013) .
Prediction of Soil Nutrient Availability
The observed inability of MIR or TXRF to predict extractable P, K, and some plant nutrient relevant elements may be partly due to the fact that the conventional soil analyses are related more Table 3 . Model accuracy for prediction of soil reference properties from first derivative mid-infrared (MIR) spectra alone, Total X-ray fluorescence (TXRF) spectra alone, and TXRF spectra combined with first derivative MIR spectra. Results are for Random Forests out-of-bag validation. to the element concentration in soil solution rather than to the chemistry of the soil matrix (Janik et al., 1998; Soriano-Disla et al., 2014) . Also the extracted amounts may not correlate with soil properties that are MIR active, although prediction of extractable cations from MIR varies with the extraction method (Chang et al., 2001 ). This may be partly due to the low concentration of available P in soils. Extractable P, K, and micronutrients also make up only a small fraction of their total concentrations in soils so that total concentrations, or mineralogical composition as indicated by total element fingerprinting, may not be good indicators of the pools determined using weak extractants. Next to N, P and K in soil are commonly by far the most limiting nutrients for crop production in tropical regions. Alternatively these elements might have been added as mineral fertilizer and the reason for not being able to predict these with MIR and TXRF is their lack of dependence on cocorrelation of soil solution with the soil matrix. Phosphorus in soil occurs as inorganic phosphate composed of a PO 4 -3 anion and a metallic cation, and because of the charges on these ions, the dipole moments of these bonds are large and consequently the MIR bands are characteristically strong only if in sufficient concentration (Smith, 1998) . According to a recent review by Kruse et al. (2015) it appears that P sometimes can be successfully quantified if it is bound organically or is tightly associated with other soil properties. The important MIR vibrations of the phosphate group are P-O stretching and bending vibrations, with the stretch being very intense and broad and appearing between 1100 and 1000 cm -1 , but unfortunately, sulfates and silicates also have strong broad bands in this region (Smith, 1998) . Thus, one must make use of secondary bands to be able to distinguish these molecules, such as the important secondary band for phosphates, which is a bending vibration found on the edge of the MIR spectral range between 600 and 500 cm -1 (Smith, 1998) . Therefore, it is not surprising that only a few models are available to predict concentrations of total P or different P fractions in soil (Kruse et al., 2015) .
According to Kruse et al. (2015) it is still unclear whether successful IR-based evaluations of P bonding forms are always the result of specific vibrations in the MIR spectra, or the consequence of poorly understood or even spurious relationships with other soil parameters, such as Fe-oxides and soil organic matter quality. Soriano-Disla et al. (2013) obtained good results for the prediction of total concentrations of Ca, Mg, Al, Fe, Ga, Si, and Na in soil as determined by X-ray fluorescence (XRF) in their development of PLSR models using DRIFT-MIR spectroscopy. The successful predictions of these elements are reported to have occurred because of major MIR-sensitive soil components such as clays, Al and Fe-oxides/oxyhydroxides and organic matter (Soriano-Disla et al., 2013) . Soriano-Disla et al. (2014) noted that the MIR spec- tral region does not have sufficient information to provide an accurate prediction of K in soils, especially for extractable K because the extractable fraction of K is influenced by factors that are not infrared active (e.g., the concentration of K + in soil solution). In addition, the concentration of extractable K is relatively low compared with Ca and Mg in soils and the effect of K + on the soil spectra may be largely hidden or masked by those for Ca 2+ and Mg 2+ (Minasny et al., 2009; Soriano-Disla et al., 2014) . However, results by Kleinebecker et al. (2013) demonstrated that near infrared reflectance (NIR) spectroscopy does have the potential to reliably measure total concentrations of NaCl -and oxalate-extractable element fractions of Al, Ca, Fe, K, Mg, N, Na, P, S, Si, and Zn across a wide range of aquatic sediments.
When soil nutrient supply capacity, especially nutrient buffering capacity (Mengel, 1982) , principally determines nutrient availability to plants, we hypothesize that spectral and elemental fingerprinting tests may be more successful than, or complimentary to, extractable nutrient tests in predicting crop responses. Mid-infrared characterizes mineral-organic compositions that relate to buffering capacity. For example, MIR signatures respond to factors that control P supply capacity, such as primary and secondary minerals, P sorption (carbonates, Fe and Al oxides), and mineralizable organic pools; in particular MIR predicted PSI well, which may relate directly to P fertilizer-use efficiency and plant P nutrition through its effect on equilibrium P soil solution concentration. Mid-infrared spectroscopy also responds to presence of K-bearing minerals and clay mineralogy such as smectites, illite, and feldspars, which determine K buffer capacity (e.g., Sharpley, 1990) . However, in intensively managed soils these relationships might be obscured by external additions to the system.
CONCluSIONS
This paper tested the DRIFT-MIR, TXRF, and a combination of the techniques for prediction of soil properties related to soil fertility. Random Forests was a computationally fast, flexible, and robust algorithm for prediction of soil properties from complex spectra of multi-component analytical methods (TXRF and MIR). Mid-infrared spectra resulted in good prediction models (R 2 > 0.80) for organic C and total N, Mehlich-3 Ca and Al, and pH and moderate prediction (R 2 > 0.60) for Mehlich-3 Mg, PSI, and particle-size distribution. The ability to predict these soil properties is due to the interactions between the soil properties and MIR active soil components such as organic matter and soil minerals, including quartz. However, other extractable nutrients related only weakly to both MIR and TXRF fingerprints.
With the exception of Ecd and Mehlich extractable Na and S, there was a strong correlation in the ability of MIR and TXRF to predict the same soil properties, and using TXRF data as a predictor did not add major value to MIR beyond identifying several outlying samples. However, TXRF may be a useful tool for simultaneous determination of elemental composition and a predictor of several basic soil properties to a medium level of accuracy. This attribute may be an advantage in environmental monitoring where absolute element concentration levels are of interest as well as their relations to other soil properties.
Mid-infrared and TXRF spectroscopy both predicted soil properties that relate to nutrient buffering capacity, including some exchangeable bases, pH, P sorption capacity, clay and sand content, and organic matter content, and fingerprint basic soil mineralogy. Further work should therefore investigate if a soil's capacity to supply P, K, and micronutrients for plant uptake can be predicted from soil DRIFT-MIR and TXRF spectroscopy, which integrate information on soil mineral and organic composition. The increasing availability of handheld MIR and TXRF instruments will also facilitate rapid, low cost fingerprinting of elements. Such developments may be especially useful in African soils, which have generally not received large fertilizer additions.
